Introduction
The transmission of drug resistant HIV-1 represents a public health concern by potentially reducing the number of active antiretroviral medications available to infected persons and can increase the risk of treatment failure, particularly in resource limited settings in which assays for drug resistance are not readily available [1, 2] .
Accurate surveillance of transmitted drug resistant (TDR) HIV-1 can inform public health prevention and treatment strategies [3, 4] . Such surveillance has led to recommendations for obtaining genotype testing at baseline for recently infected or newly diagnosed antiretroviral naïve individuals [5] [6] [7] . There are various algorithms that can be used to infer HIV-1 susceptibility to antiretroviral drugs from genotypic data, and differences in interpretation among algorithms have been investigated previously to assess protease inhibitor susceptibility using both genotypic and phenotypic data [8] , TDR among treatment naïve cohorts [4, 9] and to predict virologic success of antiretroviral therapy using calculated genotypic susceptibility scores [10, 11] .
To address the differences among various interpretation methods for the epidemiologic surveillance of TDR HIV-1, we used genotype sequence data from a large primary HIV-1 infection cohort to systematically compare five algorithms (and eight methods) commonly used to determine the presence of drug resistance in a genotype. One of them is the recently published calibrated population resistance (CPR) algorithm that was specifically developed for the epidemiologic surveillance of TDR HIV-1 [4] . The other four are the International AIDS Society-USA (IAS-USA) [12] , the Stanford [13] , the Agence Nationale de Recherches sur le SIDA (ANRS) [14] and the Rega [15] algorithms. Each of the last three algorithms was considered in two versions (including and excluding an intermediate level in the definition of resistance). The latter three algorithms are accessible online through the Stanford drug resistance database website (http://hivdb.stanford. edu/).
Methods
To address whether the interpretation method used would affect the rates of reported TDR, we compared the eight methods in the setting of a large primary infection cohort, the Acute Infection and Early Disease Research Program (AIEDRP). This is a retrospective study of genotype data (1311 pol sequences) collected at baseline by sites of the AIEDRP network located in Sydney, Australia; Baltimore, Maryland; Denver, Colorado; Los Angeles, California; Montreal, Canada; New York, New York; Seattle, Washington; San Diego, California; and San Francisco, California.
The TDR rates to the antiretroviral drug classes, nucleoside reverse transcriptase inhibitors (NRTI), non-nucleoside reverse transcriptase inhibitors (NNRTI) and protease inhibitors as well as to 'any' of these three classes were studied. We interpreted the prevalence of TDR HIV-1 within the AIEDRP network for time period March 1995 to August 2006 using eight methods based on five publicly available, commonly used algorithms. For the Stanford HIV drug resistance algorithm (version 4.2.0), a drugspecific penalty score is assigned a priori to each annotated drug resistance mutation; the sequence is scanned for the presence of such mutations and the sum of scores for each detected mutation determines the overall resistance score. We classified a sequence as resistant to a given drug if the computed score was either at least 60 (Stanford 60) or at least 30 (Stanford 30). For the IAS-USA 2005 method, we classified a mutation as conferring resistance if it was defined as a 'major' resistance-associated mutation [12] . Accordingly, a 'major' resistance-associated mutation should be selected by the presence of an antiretroviral medication and lead to an alteration in medication binding or decrease in antiretroviral activity [12] . Since ritonavir was removed from the IAS-USA 2006 list [16] and the majority of our participants were enrolled during the time when ritonavir was being used as an antiretroviral medication, rather than as a pharmacoenhancer, we chose to use the IAS-USA 2005 drug resistance interpretation list instead of the IAS-USA 2006 list. Also, as the minor mutations listed in the IAS-USA interpretation by definition should not have significant effect on phenotypic resistance to antiretroviral medications, they were not considered in the definition of resistance for the purposes of this study. We also estimated the prevalence of TDR using the CPR algorithm [4] . Drug resistance was inferred from sequence data by class of antiretroviral medication based on 31 protease inhibitors, 31 NRTI and 18 NNRTI resistance surveillance mutations. The ANRS (version 2006.07) [14] and Rega (version 6.4.1) [15] algorithms report the drug resistance at three levels: susceptible, resistant, and an intermediate level, which is described differently for each algorithm but which we refer to here as intermediate. We adopted two protocols for classifying a sequence as resistant: whether it was classified as either 'intermediately resistant' or 'resistant' (ANRS 1 and Rega 1), or strictly 'resistant' (ANRS 2 and Rega 2).
We compared the level of agreement between algorithms using two quantitative measures. Firstly, we computed the observed agreement proportion, defined
where N is the total number of sequences and, N þþ and N ÀÀ are the numbers of cases where both algorithms agreed (either in positive or negative classification). Secondly, we used Cohen's kappa coefficient [17] , defined as the ratio kappa ¼ (OÀC)/ (1ÀC), where O is the observed agreement proportion as above, and C is the probability that two tests agree by chance, based on the observed positive and negative classifications of each test. Kappa is greater than zero if the observed agreement exceeds the proportion expected by chance, and reaches its maximum value of one for two tests with perfect agreement. Tests of kappa equal to zero were performed with Bonferroni adjustment for multiple comparisons by dividing a ¼ 0.05 by the total number of tests (0.05/112 ¼ 0.0004).
Results
The estimated prevalence of 'any' TDR HIV-1 and TDR by antiretroviral drug classes using eight interpretation methods (IAS-USA, CPR, Stanford 30, Stanford 60, ANRS 1, ANRS 2, Rega 1, and Rega 2) is presented in Fig. 1 . For the majority of methods the rates differed only slightly for the protease inhibitors and NNRTI drug classes. When considering NRTI and any resistance the TDR rates estimated by the most conservative and least conservative methods differed substantially. On the basis of the estimated prevalence rates for NRTI and any resistance, the eight methods could be rank-ordered and classified into five groups. The Stanford 60 method was the most conservative. It provided similar NNRTI TDR rates to the other seven methods, but the TDR rates for NRTI, protease inhibitors and 'any' were clearly lower. For NRTI and any TDR, the discrepancy was as large as 9% between the least conservative method (Rega 1) and Stanford 60. The ANRS 2 was the second most conservative approach, providing similar NNRTI and protease inhibitor TDR rates when compared with the other six methods, but the TDR rates for NRTI and 'any' were notably lower. For NRTI and any TDR, the discrepancy was as large as 7% between ANRS 2 and the least conservative method (Rega 1). Stanford 30, Rega 2, and IAS-USA provided similar TDR rates, which were 7-9% for NRTI, 7-8% for NNRTI, 5% for protease inhibitors and 14-15% for any drug resistance. The interpretations by ANRS 1 and CPR were also similar and the discrepancy between the two methods was in the 1-2% range. The least conservative method, Rega 1, provided the highest TDR rates except for NNRTI. As the Stanford 60, ANRS 1 and Rega 1 methods were designed to designate resistance mutations as a subset of their corresponding less conservative versions (Stanford 30, ANRS 2 and Rega 2), all rates estimated by Stanford 30, ANRS 1 and Rega 1 are equal to or higher than those estimated by Stanford 60, ANRS 2 and Rega 2 (Fig. 1) . The observed proportion of overall agreement (number of subjects with agreement over total number of subjects) among the eight methods was, nevertheless, very high, with a range of 0.910-1.00.
The chance-corrected agreement was almost perfect among the Stanford 30, IAS-USA, CPR, Rega 1, Rega 2, and ANRS 1 methods for NNRTI, protease inhibitors and 'any' TDR prevalence with kappa ranging from 0.81 to 0.99 [19] . The agreement for NRTI among these six methods was substantial or almost perfect (range of kappa 0.75-0.93). The agreement among these six, Stanford 60 and ANRS 2 depended on the class of antiretroviral medication. Almost perfect agreement was maintained for NNRTI TDR (range of kappa 0.91-1.00) and the agreement remained substantial for 'any' resistance (range of kappa 0.63-0.89). For protease inhibitors resistance, except for the kappa coefficient of 0.54 between Stanford 60 and Rega 1 and 0.57 between Stanford 60 and ANRS 1, the agreement among other methods was still substantial with kappa ranging from 0.63 to 0.98. The discrepancy was the largest for the estimates of NRTI resistance. The agreement between ANRS 2 and the other seven methods was substantial (range of kappa 0.61-0.78) except for Rega 1, with kappa equal to 0.57. The agreement estimated by kappa between Stanford 60 and ANRS 2 was 0.74 but the agreement between Stanford 60 and the other six methods was either moderate or close to moderate (range of kappa 0.39-0.57) ( Table 1 ). All observed agreement was significantly greater than chance agreement (P < 0.001 after Bonferroni correction).
Conclusion
The epidemiologic surveillance of TDR HIV-1 can be important for the allocation of prevention, education and treatment resources [3] , and there has been some debate about what available method should be used to determine the rates of TDR HIV-1, especially for comparisons between studies and populations [4, 20] . This study represents the most comprehensive comparison of widely used genotype interpretation algorithms for the largest well characterized cohort of individuals with primary HIV-1 infection (n ¼ 1311 baseline genotypes). As previously reported [18] , the prevalence rate of TDR to any class of antiretroviral medication was between 10 and 19% and the resistance to NRTI antiretroviral medications was the most common class of TDR HIV-1 (Fig. 1) .
Differences in the interpretation of algorithms may be important for the clinical management of an individual patient, the epidemiologic surveillance of TDR HIV-1 in a population in which options for antiretroviral therapy are specific and limited, or the surveillance of populations that have been heavily exposed to complex and different antiretroviral treatments. The rates of TDR HIV-1 found in this very large primary infection cohort study did not differ substantially with the method that was used to interpret genotypic data for protease inhibitors and NNRTI resistance except when using the most conservative method (Stanford 60). For NRTI resistance, the rates of TDR HIV-1 were comparable when the two most conservative methods (Stanford 60 and ANRS 2) and the least conservative method (Rega 1) are excluded. This may be because the different algorithms classify roughly the same mutations as conferring major and relevant resistance, and differences between the algorithms are relatively few and mostly involve relatively infrequent mutations. A limitation of the study is that the cohort used is predominantly white and represents predominantly men who have sex with men [18] . Different results might have been obtained for populations infected with different subtypes of HIV and having different HIV risk factors; therefore, it will be important to perform similar comparative analyses in other populations.
Additionally, the currently available algorithms may actually underestimate the extent to which selective drug pressures have shaped the transmitted viral population, as enrichment of 'secondary' mutations, which may have been selected by the treatment of a donor partner, are not often included [12, 16, 21, 22] . Although not strictly defining drug susceptibility for an individual or for a population, using less conservative algorithms may thus give a more accurate picture of the extent to which drug pressure has influenced transmitted virus. On the basis of these analyses, both Rega 1 and CPR algorithms seem particularly well suited for this purpose, but are closely followed by the algorithms of ANRS 1, IAS-USA, Rega 2 and Stanford 30. Taken together, we conclude that the persistent high rates of TDR support the need for continued surveillance and that the currently available algorithms can be used for this surveillance. 
